Abstract-Long term continuous monitoring of electrocardiogram (ECG) in a free living environment provides valuable information for prevention on the heart attack and other high risk diseases. A design of a real-time wearable ECG monitoring system with cardiac arrhythmia classification is proposed in this paper. One of the striking advantages is that ECG analog front-end and on-node digital processing are designed to remove most of the noise and bias. In addition, a novel layered hidden Markov model is seamlessly integrated to classify multiple cardiac arrhythmias in real time. Last, human activities by an accelerometer can be identified to reduce the chance of false alarm in classification due to the motion artifacts.
I. Introduction
Nowadays cardiovascular diseases (CVDs) has become one of leading underlying causes of death in both developing and developed countries. A recent report from American Heart Association acclaims that 81.1 million American adults (more than one third) are estimated having one or more types of CVDs, and they account for 34.3% deaths in 2009 as the underlying causes [1] . Among all types of CVDs, arrhythmias are responsible for most sudden cardiac deaths and indicative of other high risk diseases. However, the current diagnosis approaches still do not satisfy the people's requirement due to their large response time. Therefore, the real-time and accurate diagnosis of cardiac arrhythmia is a crucial task for both physicians and researchers.
General approaches for arrhythmia beat detection, degree assessment, and therapy guidance are based on ECG, which is a noninvasive and low-cost method that can provide clinical information of the heart by measuring the skin surface potential. The morphological changes on the ECG waveform can express the abnormal cardiac beats . Therefore, the biomedical community makes more and more efforts towards autonomous arrhythmia identification based on ECG. However, cardiac diagnosis on both existing Holter-based ECG instruments and ambulatory ECG devices are suffering from a few of difficulties. For example, many IT enterprisers offer powerful inhospital diagnosis ECG solutions, but the arrhythmia beat is an intermittent symptom, which requires long-term continuous monitoring style on cardiac patients. These resting ECG in hospital may not be able to detect the patient's abnormalities during his visit to hospital, because the conditions might not be present at that time. On the other hand, most existing ambulatory ECG devices only provide ECG recording and monitoring capabilities [2] - [5] , but no functionalities of real-time analysis or diagnosis. The analysis and diagnosis are executed off-line in clinics, thus lacking of the real-time feedback from the patient. To unite the portability of ambulatory ECG and processing ability of Holter-based ECG, a wearable ECG device with functionality of cardiac arrhythmia classification is desirable for the patients in a free living environment.
There are three major challenges involved in the design of a wearable ECG sensor node. First, the accuracy of further processing relies on the quality of raw ECG morphology, therefore the clear and stable ECG waveform is the paramount concern. Moreover, system energy efficiency should be taken into account during both hardware and software design, and power efficient networking as well. Last, the wearable sensor node should be low profile, such that the patient's daily life will not be annoyed.
To address the challenges above, a real-time cardiac arrhythmia classification solution is presented in this paper, as shown in Fig. 1 . The contributions of this system are summarized as follows:
1) The major sources of noise on ECG are discussed, and the improved ECG analog front-end circuit and ground aim at enhancing the anti-noise ability of the wearable node. 2) An polynomial regression filter is implemented using the onnode computational ability to smooth the ripples on ECG waveform. 3) A novel layered hidden Markov model (LHMM) is proposed to detect cardiac arrhythmia from sensor readings directly. The bottom layer extracts the features of ECG waveform and human activities, and the top layer classifies the type of cardiac arrhythmias simultaneously. 4) The ECG waveform and classification results are visualized on a smart phone real-time. The phone as part of telecommunication infrastructure, could access the remote clinical database using Wi-Fi or GPRS interface. The rest of this paper is organized as follows. Section II describes the design of the wearable sensor node, and especially the ECG analog front-end design and the adaptive filter realized on the node. In Section III, a new layered hidden Markov model running on the smart phone is proposed to classify two types of cardiac arrhythmias. The performance of the proposed algorithm is examined through the comparison to other classification algorithms in Section IV. Section V concludes this paper.
II. Wearable Sensor Node

A. Noise Handling and Grounding
For an ECG monitoring and diagnosis system, any noise on ECG waveform will limit the resolution of further analysis and diagnosis, hence the ECG analog front-end circuit design is the paramount concern in most ECG systems. The unconditioned ECG from the electrode is an extremely weak signal ranging from 0.5mV to 5.0mV, while magnitude of the coupled noises could be up to ±300mV. Therefore, the noise must be handled in order to pick up the valid ECG waveform. Most noise of wearable ECG are associated with the following resources.
1) The large common mode noise results from the potential between the electrodes and ground. 2) The great DC offset resulting from the electrode-skin contact limits performance of the instrumentation amplifier.
3) The system can pick up the electrical noise (50/60Hz) at any point along with the signal flow. 4) The changes of the impedance and capacitance are sensed by the ECG electrode and result in motion artifacts. 5) The radio frequency interference (RFI) can be coupled into ECG along the leads. To deal with these noises, the ECG analog front-end design in this sensor node gives the complete solution, as shown in Fig. 2 . First of all, a voltage follower in Fig. 2① is plugged in the each input channel, because the input bias current of the front-end amplifiers can polarize the electrode if there is poor skin contact:Δv e = I b · Δz e , where Δv e is variation of the voltage at the electrode site and Δz e is the equivalent impedance variation. Therefore, AD8627, a JFET input operational amplifier with input bias currents less than 1 pA, is selected here to reduce the influence by the impedance variation at the electrode site. The RC network before AD8627 is used for Electro-Static Discharge (ESD) protection. By plugging in these two voltage followers, the interference of motion artifact will reduce a lot. Fig. 3 depicts degradation of the ECG waveforms under different stress conditions (These waveforms are not processed by the digital filter on node). From this figure, it can be concluded that the key features still can be identified under light activities. However, when the patient is jogging, only QRS complex in the ECG waveform can be detected reliably.
Moreover, most ECG front-ends are 3-lead configuration circuits, in which the third lead is a driven right leg circuit for injecting the inverted common mode noise back into the body to cancel them out. Unfortunately, many designers do not understand the reason why the driven right leg circuit is required and how it works, thus many designs are not optimal. Actually, the driven right leg circuit can provide a low impedance path between the patient and the amplifier, such that less common mode noise will be transformed by the amplifier. Through the calculation in [6] , If G is defined as the resistor ratio of the inverting amplifier, G = 2·R f Ra in the traditional driven right leg circuit [6] . G should be set as large as possible to minimize the common mode voltage v c .
In contrast to the typical driven right leg circuit, a novel driven right leg circuit is proposed, as shown in Fig. 2② . We name the circuit 4-lead configuration front-end, where the fourth lead connected to the left leg of the body. The signal along this channel will not be amplified but only provides an bias at point A. Therefore, G should be modified to G = G is 1.5 time to G when other parameters do not change. In our experience, the gain setting to 100 is a proper value, because a gain will affect the stability of the system. Therefore, R 0 = 10kΩ and R f = 1MΩ in this design. From the experimental results shown in Fig. 4 and Fig. 5 (These waveforms are not processed by the digital filter on node). It can be concluded that in an clear and noise-free environment, the performance of the modified driven right leg circuit is the similar to the traditional one [6] . However, when the wearable sensor node is place in a high interference environment, the proposed circuit exceeds the traditional one a lot. Other methods for suppressing the noise and removing DC offset include: 1) 2③ is an instrumentation amplifier, INA333, with a high common mode rejection ratio (100dB). Its three operational amplifier structure makes it reject the common mode noise. Meanwhile, it contains an internal RFI filter to get rid of most RFI. 2) An AC coupled circuit in 3) An active filter is shown in Fig. 2⑤ . Its cut-off frequency is set to be 0.5-150Hz [7] and the gain is set to be 100, such that the dynamic range of conditioned ECG waveform would be 2 volts, which is two third of the rail-to-tail voltage of the amplifier.
B. ECG On-node Preprocessing
Although many approaches are employed in the analog front-end circuit to isolate the 50/60Hz noise source, it can always be coupled into analog signal flow at any point. Therefore, a digital notch filter on-node is a better solution than the one in analog domain. However, the output of this notch filter contains some small ripples along the signal, which is called Gibbs phenomenon. It shows that the amplitude of these ripples can not be reduced by increasing the order of the notch filter. Therefore, a Savitzky -Golay smoothing filter (SG filter) [8] is integrated on the node. The main advantage of SG filter is that it tends to preserve features of ECG, such that P subwave will not be lost. According to our experience, the SG filter with the zeroorder polynomial regression and 15-point sliding window is optimal when the tradeoff between ripple amplitude and subwave preservation is considered. Fig. 6 shows the comparison between the SG filter's input and output. It can be conclude that thought the amplitude of QRS complex is shrinked, most ripples are removed and all the key features are preserved. 
C. Other Hardware Configuration
The wearable sensor node in Fig. 7 weighs 43g with a 27mm × 47mm dimension, and the block diagram is shown in Fig. 8 .
The on-chip analog-to-digital convertor samples the conditioned ECG waveform as well as the acceleration signal from MMA7260 with the sampling rate 360Hz. After discretising the analog signals, the microcontroller, MSP430F2618, will preprocess these data to enhance the quality of the digital signals, and transmit them to the smart phone or back them up using a 2GB MicroSD card on-board. Fig. 7 . The top view of a wearable ECG sensor node and a HD2 smart phone as the gateway. 
III. LHMM Framework for Cardiac Arrhythmia Classification
The smart phone receives the clear and reliable ECG for visualization and cardiac arrhythmia detection. Among the numerous cardiac arrhythmia classification paradigms [9] - [14] , a LHMM framework is proposed is proposed to real-time identify multiple cardiac arrhythmias. The LHMM is derived from the normal hidden Markov model, where the HMM on upper layer corresponds to observation symbols or probability generators at the lower layer. The proposed model consists of two layers of HMMs, the ECG waveform is fed into Layer 1 HMM, and used to segment the ECG waveform. Meanwhile, Layer 2 HMM is responsible for detecting the types of cardiac arrhythmias using the ECG clinical features and information from the accelerometer as observations, as shown in Fig. 9 . This LHMM framework solves two problems in the current HMM: One is the interference from motion artifacts, another one is the great time delay. 
A. Layer 1: ECG Segmentation
A typical period of ECG waveform can be partitioned into six characteristic subwaves [15] . Layer 1 HMM is used to identify the positions of the onsets and offsets of characteristic subwaves, which is the first step for cardiac arrhythmias classification. Therefore, the mapping of ECG waveform to hidden states in the HMM can be done by associating each sample (ADC reading) with a hidden state representing a characteristic subwave. To handle so-called doublebeat segmentation problem [16] , a duration constraint is incorporated into Layer 1 HMM. Every state has an empirical minimum duration, such that the HMM cannot generate false heart beat in the constraint range. In our experiment, the minimum state duration is calculated as 60% of the minimum duration in the training data. 1) PVC is characterized by premature and bizarrely shaped QRS complexes usually wider than 120 msec on with the width of the ECG. These complexes are not preceded by a P wave, and the T wave is usually large, and its direction is opposite the major deflection of the QRS. 2) APC has an abnormal P wave. Normally P subwave are smaller and rather shapeless. In addition, P subwave occurs earlier than expected, which means P-Q interval is larger than the normal ones. Generally, these two types of arrhythmias could occur intermittently, hence an fully-connected ergodic model is constructed, as shown in Fig. 11 . In this model, besides the two cardiac arrhythmias, extra two hidden states exist: one is the normal sinus beat, and the other one is invalid beat. Invalid beat means the system has detected strong motion artifacts, the ECG waveform acquired from the frontend circuit can not represent the real heart status. 2) Observation Space: Observation Space of Layer 2 HMM contains two parts. By definition, the hidden state sequence of Layer 1 HMM should serve the observation of Layer 2 HMM. Therefore, valuable clinical features are extracted from ECG segmentations, such as QRS duration, P-R interval and R-R interval. Sometimes, P wave is skipped, R-R interval will make more contributions to arrhythmia classification.
Another part of observations comes from the tri-axis accelerometer attached to the patient body. The accelerometer's Z axis is perpendicular to the earth and points to the earth. Three common activities are concerned during human's daily life: standing, walking and lying, and consider the human activity as an element in Layer 2 HMM's observation space. A low profile heuristic-rule algorithm is employed to classify these three activities (Algorithm 1), in which three features are calculated from the accelerometer readings, the acceleration value of Z axis, the sum of squares of accelerations along three axes, and acceleration variance along three axes. The sliding window is about three seconds, which may contain about three to four cardiac periods. Algorithm 1 describes the operation of this algorithm. If the patient is still or moving slowly, the sum of tri-axis acceleration square should be one G (Gravitational constant). If it goes beyond this value, and the variance is also greater than a particular threshold, the patient is defined to be walking, and ECG segmentation is going to be concerned invalid. Otherwise, the patient is classified to be standing, when Z axis value is close to one G, and be lying, when its value is close to zero. Under the later two situations, the ECG waveform is considered reliable.
Algorithm 1
Human Activity Classification Algorithm.
1: while true do 2: Acquire accelerometer readings, A x A y A z are three components along three axes;
3:
Calculate σ, covariance of A in a 3sec sliding window; return Walking; 8:
{ is a small number closed to zero.}
11:
return Lying; 12: else 13: return Standing; 14: end if 15: end if 16: end while Fig. 12 shows the relationship between ECG and acceleration: the upper chart shows a snapshot of the subject's ECG waveform; the middle chart displays the corresponding accelerometer measurements; the lower chart gives the classification result of Algorithm 1. It can be summarized that the subject experiences four stages during the period of more than 25 seconds. Moreover, the ECG waveform is corrupted during the walking stage.
IV. Experiments and Performance Evaluation A. Experimental Results
The proposed algorithm is implemented on the smart phone using Visual Studio 2008. Fig. 13 demonstrates the effectiveness of the system: the ECG waveform is captured by the wearable ECG sensor node. And no PVC and APC is present in the waveform during this six second snapshot, To compare the reliability and accuracy with other benchmarks, an ECG emulator is also developed on the laptop. It behaves like a wearable sensor node, except that the data are from MIT-BIH Arrhythmia Database [17] , [18] which is loaded in advance. The ECG emulator also employs the embedded bluetooth module on the laptop to transmit the data using both the same data format and sending rate with the wearable ECG sensor node. Fig. 14 illustrates a snapshot of ECG in Record 119 in [18] and the classification result. In this record, there are 1987 beats in total, 1543 normal beats and 444 PVCs respectively. The red bars in the lower chart identify the PVCs in the ECG waveform, which are wider than normal beat. Similar to PVC detection, Record 220 in [18] is used for APC detection and the result is shown in Fig. 15 . 
B. Evaluation Metrics
The performance of arrhythmia classification is quantified using the widely accepted statistical metrics: accuracy (Ac), sensitivity (Se) and positive predictivity (+P) [19] . To evaluate the overall performance for all records, the weighted measure [20] is also used according to the number of beats of each state that exist in the record. It is defined as where M denotes the sensitivity or positive predictivity, n b i is the number of beats for the ith record, n f is the total number of records, and M C i is the value of a specific measure for the ith record in the class "C", which might be one of Normal, PVC and APC.
C. Performance
For overall performance evaluation, 16 ECG records are selected from the Arrhythmia group in [18] . These records are all acquired from the modified Lead II. For ease of presentation, these records are divided into 4 types: records with only normal beats (type I), records with normal beats and PVCs (type II), records with normal beats and APCs (type III) and records consisting normal beats, PVCs and APCs (type IV). Three common statistical metrics, accuracy, sensitivity and positive predictivity, are adopted to quantified the algorithm performance. Table I shows the comprehensive results for PVC and APC detection. For type I, the normal beats are detected accurately. It shows the proposed algorithm is competent for arrhythmia classification. The evaluation results of type II demonstrates that the PVCs are abstracted from the normal beats. The accuracy, sensitivity and positive predictivity even achieve 100% for the records 119 and 230 using the proposed algorithm. Therefore, the algorithm is fully suitable for PVC detection. Similarly, during the APC detection, shown in type III, the algorithm works with the sensitivity of 100%. The performance is better than PVC detection. Because morphology of ECG changes a little when APC occurs, while the change of ECG waveform will be significant when there are continuous double PVCs existing especially. The last type is a mixture of PVCs and APCs. In most cases, the sensitivity and positive predictivity are equal to 100%. The overall performance shows the capability of the arrhythmia detection with a weighted average S e and +P of 99.72% and 99.64% respectively.
Further, our algorithm is compared with other benchmarks proposed in the previous literature, shown as Table II . Due to the fact that most of them is used for PVC detection, the lateral comparison only concerns PVC detection. It can be seen that the proposed method yields a higher sensitivity, while the positive predictivity of 96.63% is achieved in the acceptable range.
V. Conclusions and Future Work A real-time cardiac arrhythmia classification system successfully monitors the patient's ECG and identifies its cardiac arrhythmia in real time. The ECG waveform and the cardiac arrhythmia classification result are displayed in a smart phone, rather than a bulky resting ECG instrument. The plug-in algorithm can detect the normal sinus beat, PVC and APC at the same time. Once the abnormalities are detected, the alarm message will notify the patient or clinicians via telecommunication infrastructure. Further, the patient can utilize this system to monitor their heart status when the daily lifestyle changes, in such a way that the patient can adjust to living in a comfortable lifestyle and potential risk would be decreased.
We are planning to apply this system to the clinical experiments, instead of using the ECG database. Additionally, we are developing scalable algorithm that can detect more types of cardiac arrhythmia, such as left bundle branch block (LBBB) and right bundle branch block (RBBB), can be incorporated into the model easily. Moreover, more efficient algorithms are being developed to enhance the classification accuracy. Finally, more physiological sensors are planning to be integrated, so the system's capability of diagnosis will be increased.
